PARAMETRIC DECOMPOSITION OF OUTPUT GROWTH USING A STOCHASTIC INPUT DISTANCE FUNCTION
Introduction
Several studies (i.e., Fan; Ahmad and Bravo-Ureta; Wu; Kalirajan, Obwona and Zhao; Kalirajan and Shand; Giannakas, Tran and Tzouvelekas; Giannakas, Schoney and Tzouvelekas) have attempted to explain and identify the sources of output growth in agriculture. By using a parametric production frontier approach, they have attributed output growth to factor accumulation (input growth), technical change, and changes in technical inefficiency.
1 Factor accumulation refers to movements along a path on or beneath the production frontier, technical change is associated with shifts in the production frontier, and changes in technical inefficiency are related to movements towards or away from the production frontier. Implicit in this framework, initiated by Nishimizu and Page, are the assumptions of constant returns to scale and of allocative efficiency. 2 Consequently, changes in total factor productivity (TFP) have been attributed to only two sources: technical change and changes in technical inefficiency. This however restricts unnecessarily the analysis of the potential sources of output growth.
Despite this limitation of previous studies, the parametric production frontier approach has two other shortcomings. First, it is unable to accommodate multi-output technologies, which are quite common in agricultural production. It is well known that inappropriate and unnecessary aggregation of outputs (and inputs) often results in misrepresentation of the structure of production, which may also affect the degree of technical efficiency. Second, even if input prices data are available, the effects of scale economies and of allocative inefficiency on TFP changes cannot be separated from each other (Bauer; Lovell) . 3 Indeed, the scale effect can only be identified if input allocative efficiency is presumed, and in this case there is no need for input price data. In contrast, the effect of input allocative inefficiency cannot be identified even if the assumption of constant returns to scale is maintained. Thus, within the parametric production frontier approach, TFP changes may at most be attributed to changes in technical inefficiency, technical change, and the scale effect. 4 However, under the assumption of expected profit maximization, the parametric production frontier approach has the advantage of single-equation estimation and of requiring only input and output quantity data.
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On the other hand, cost frontiers can satisfactorily deal with decomposing TFP changes in the presence of multi-output technologies, input allocative inefficiency and non-constant returns to scale (Bauer) . As long as panel data are available, this can be achieved by estimating a system of equations consisting of the cost frontier and the derived demand (or cost share) equations, which allows firm-specific and time-varying technical and allocative inefficiencies to be separated from each other (Kumbhakar and Lovell, 2000, pp. 166-75) . Clearly, this is a more complicated econometric problem than single-equation estimation, and also requires firm specific data on input prices. Notice however that the effects of technical and allocative inefficiency cannot be identified separately if the cost frontier is estimated with a single-equation
procedure.
The objective of this paper is to propose a tractable approach for analyzing the sources of TFP changes (i.e., technical change, changes in technical and allocative inefficiency, and the scale effect) in a multi-output setting, while retaining the singleequation nature of the econometric procedure used to estimate the parameters of the underlying technology. The proposed approach relies on Bauer's cost function based decomposition of TFP changes and the duality between input distance and cost functions. Specifically, the cost function (i.e., dual representation) is used for the theoretical decomposition of TFP changes whereas all necessary information for quantifying the sources of TFP changes are recovered from an econometrically estimated input distance function (i.e., primal representation). Thus, instead of using a system-wise procedure to estimate a cost frontier, all necessary information for decomposing TFP changes within a cost function approach can be recovered from an input distance function, which also fully describes the production technology.
In this context, the input distance function could be seen as an alternative that overcomes the shortcomings of production frontiers while retains the advantages of a single-equation estimation. By definition, the input distance function can easily accommodate multi-output technologies and thus has an obvious advantage over production frontiers. In addition, estimates of the input-oriented measure of technical inefficiency may be directly obtained from the estimated input distance function (Fare and Lovell). On the other hand, by using the duality between input distance and cost functions (e.g., Fare and Primont), it can be shown that the effects of scale economies and of allocative inefficiency on TFP changes can be separated from each other. The only assumption required to measure allocative efficiency from an input distance function is that one observed price equals the cost-minimizing price at the observed input mix (Fare and Grosskopf). However there is an endogeneity problem with input quantities in the single-equation estimation if the assumption of cost minimization is maintained. This problem may be solved by using an instrumental variable estimation procedure.
The rest of this paper is organized as follows: the theoretical framework is presented in the next section. The empirical model based on a translog input distance function and the estimation procedure utilizing an instrumental variable FGLS are described in the third section. Data sources and variables definition are discussed in the fourth section. The empirical results are analyzed in the fifth section. Concluding remarks follow in the last section.
Theoretical Framework
The input-oriented measure of productive efficiency may be defined as
is a well-defined cost frontier function, is the observed total cost, is a vector of output quantities, is a vector of input prices, and t is a time index that serves as a proxy for technical change. is independent of input prices scaling and has a clear cost interpretation with 1 indicating the percentage reduction in total cost if
productive inefficiency is eliminated (Kopp) . 
, and both are independent of factor prices scaling and have an analogous cost interpretation. 
where a dot over a variable or function indicates its time rate of change, , ) ,t w , and is the rate of cost diminution. Alternatively, by taking the logarithm of , and totally differentiating it with respect to t , yields:
Substituting (2) into (1) and by assuming marginal cost pricing
3) may be rewritten as:
[ ]
which is an output growth representation of the decomposition relationship developed by Bauer.
The first term in (4) captures the contribution of aggregate input growth on output changes over time (size effect).
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The more essential an input is in the production process, the higher is its contribution to the size effect. The second term measures the relative contribution of scale economies to output growth (scale effect). The fourth and the fifth terms in (4) are positive (negative) as technical and allocative efficiency increases (decreases) over time. There is no a priori reason for both types of efficiency to increase or decrease simultaneously (Schmidt and Lovell) nor that their relative contribution should be of equal importance for output growth.
More importantly, what really matters in output growth decomposition analysis is not the degree of efficiency itself, but its improvement over time. That is, even at low levels of productive efficiency, output gains may be achieved by improving either technical or allocative efficiency, or both. However, it seems difficult to achieve substantial output growth gains at very high levels of technical and/or allocative efficiency.
The last term in (4) is the price adjustment effect. 8 The existence of this term indicates that the aggregate measure of inputs is biased in the presence of allocative efficiency (Bauer) . Under allocative efficiency, the price adjustment effect is equal to zero as . Otherwise, its magnitude is inversely related to the degree of allocative efficiency. The price adjustment effect is also equal to zero when input prices change at the same rate, since
The next step concerns the recovery of all factors in (4) from an input distance function, through its duality with the cost function. First, Fare, Grosskopf and Lovell have shown that
which provides the relationship for recovering the scale effect in (4) directly from the input distance function. Second, Atkinson and Cornwell have shown that
which relates the dual (cost diminution) with the primal (based on the input distance function) rate of technical change and also provides to the latter a clear cost saving interpretation.
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Third, is directly computed from
Fourth, calculation of requires knowledge of minimum cost C , which can be computed as follows. Fare and Grosskopf have shown that
where denotes the vector of virtual input prices. Virtual prices consist of that vector of input prices which makes the (observed) technically inefficient input mix allocativelly efficient; that is, virtual prices are interpreted as marginal products of inputs at the observed input mix (Grosskopf, Hayes and Hirschberg) . However, in the presence of allocative inefficiency, observed input prices ( ) do not necessarily coincide with the vector of cost minimizing input prices ( ) for the observed input mix. Then, to compute C from (7), it is required to assume that for
Finally, the cost minimizing factor shares should be retrieved from the input distance function in order to compute the last term in (4). According to Bosco,
while Kim has shown that
Even though it can be shown that, after few manipulations, (8a) and (8b) are equal to each other, the former is used for the purposes of the present study.
Empirical Model and Estimation Procedure
Quantitative results of the output growth decomposition analysis presented in (4) can be obtained by econometrically estimating an input distance function. In order to keep the representation of production technology as flexible as possible within the parametric approach, the translog form is chosen to approximate the underlying input distance function (e.g., Perelman, 1999, 2000) : The homogeneity restrictions may also be imposed by dividing the left-hand side and all input quantities in the right-hand side of (9) by the quantity of that input used as a numeraire.
Based on (5), the scale elasticity for the translog input distance function is calculated as:
The hypothesis of constant returns to scale can be tested by imposing the necessary restrictions associated with the linear homogeneity of the input distance function on output quantities. These restrictions are: On the other hand, by using (6) the dual and the primal rates of technical change are related to each other as follows: ,
where the latter can be decomposed into a pure component ( ) ( ) [ ]
and a non-
The hypothesis of zero technical change can be tested by imposing the restriction that
If the hypothesis of zero technical change cannot be rejected, the third term in (4) becomes equal to zero, and technical change has no effect on TFP changes.
In the case of the translog input distance function, there is no need to calculate virtual prices for the computation of allocative inefficiency and of cost minimizing factor shares. Given (7) and 
and and for all j are computed by using (14) and (8a) along with the observed cost share of the input for which has been assumed that its cost minimizing price equals its observed price.
Given linear homogeneity, (9) may be written as to obtain an estimable form of the input distance function, where j is the numeraire input and
is the right-hand side of (9) after dividing all inputs with the numeraire input. Since there are no observations for and given that ln , then Perelman, 1999, 2000) , where u
it is a onesided, non-negative error term representing the stochastic shortfall of the i th farm output from its production frontier due to the existence of technical inefficiency.
Then, the stochastic input distance function model may be written as:
where v it depicts a symmetric and normally distributed error term (i.e., statistical noise), representing a combination of those factors that cannot be controlled by farmers, omitted explanatory variables, and measurement errors in the dependent variable. It is also assumed that v it and u it are distributed independently of each other.
In the context of the present paper, the temporal pattern of the one-sided error term is important as the changes in technical efficiency over time rather than the degree of technical efficiency per se matters in (4). Cornwell, Schmidt and Sickles specification is adopted to model the temporal pattern of technical inefficiency through a quadratic function of time, i.e., u , After substituting (9), (10) and (16) into (15) the resulting model is estimated by a single-equation estimation procedure using feasible generalized least squares (FGLS) as the variance of the error term is unknown. However, as the resulting model is non-linear in parameters, the procedure described in Kumbhakar and Hjalmarson (1995) should be applied. 14 Moreover, the random effect formulation is used to reduce the number of parameters to be estimated. In this case, the variance of statistical noise is estimated as 
Data Description
Financial data from mixed livestock farm accounts are drawn from the Farm Business Survey (FBS) for England, Scotland, Wales and Northern Ireland (MAFF, 1994).
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The FBS is an annual survey covering around 3,900 full time farms, selected from a random sample of census data that is stratified according to region, economic size, and type of farming. 16 The definition of the latter is based on standard gross margin . To the extent that these indices cover the entire UK, and are expressed as averages, some regional variation might cause bias, although since agricultural market integration and function are at a high level, this is not likely to be a significant source.
Empirical Results
The GLS parameter estimates of the translog input distance function are presented in Table 2 . According to the estimated parameters, the translog input distance function is found, at the point of approximation, to be non-increasing in outputs and nondecreasing in inputs. Also, at the point of approximation, the Hessian matrix of the first and second-order partial derivatives with respect to inputs is found to be negative definite and the corresponding Hessian matrix with respect to outputs to be positive definite. These indicate respectively the concavity and convexity of the underlying input distance function with respect to inputs and outputs. The value of the adjusted R-squared indicates a satisfactory fit of translog specification.
The estimated variance of the one-side error term is found to be and that of the statistical noise . 
, which is asymptotically distributed as with one degree of freedom (Breusch and Pagan).
The null hypothesis that is rejected at the 5% level of significance (see Table   3 ) indicating that the technical inefficiency effects are in fact stochastic. Thus, a significant part of output variability among livestock farms in explained by the existing differences in the degree of technical efficiency.
The hypothesis that technical inefficiency is time-invariant is also rejected at the 5% level of significance (see Table 3 ). This means that output growth has been affected by changes in the degree of technical efficiency over time. During the period 1983-92, technical efficiency tended to increase over time, as the most of the estimated ρ parameters are positive.
19 Specifically, mean input-oriented technical efficiency increased from 78.80% in 1983 to 84.73% in 1992 (see Table 4 ), implying that its contribution into output growth would positive. During the period 1983-92, the average annual rate of increase in technical efficiency is estimated to be 0.66%. The vast majority of livestock farms in the sample have consistently achieved scores of technical efficiency greater than 60% during the period 1983-92. However, the portion of livestock farms with technical efficiency scores below 60% decreased over time. This means that the portion of livestock farms facing significant technical inefficiency problems has been decreased. The estimated mean technical efficiency was found to be 82.77% during the period 1983-1992. Thus, on average, a 17.23% decrease in total cost could have been achieved during this period, without altering the total volume of outputs, production technology and input usage.
Mean allocative efficiency is found to be 53.85% during the period 1983-92 (see Table 4 ), implying that UK livestock farms in the sample have achieved a relatively poor allocation of existing resources. As a result, a 46.15% decrease in cost should be feasible by means of a further re-allocation of inputs for any given level of outputs. The great majority of farmers in the sample have consistently achieved scores of allocative efficiency less than 60%. This portion tended however to remain rather stable over time. Mean allocative efficiency is smaller than the corresponding point estimate of technical efficiency, indicating that livestock farms in UK did better in achieving the maximum attainable outputs for given inputs than in allocating existing resources. Allocative efficiency increased slightly from 49.51% in 1983 to 50.78% in 1992 (see Table 4 ). In particular, allocative efficiency increased during the period 1983-92 with an average annual rate of 0.14%. Thus, allocative efficiency also tended to contribute positively to both TFP and output growth. However, the average rate of change of allocative efficiency is lower than that of technical efficiency and thus, its relative contribution to output growth is expected to be relatively smaller.
Mean productive efficiency was found to be 44.35% (see Table 4 ). This figure represents the ratio of minimum to actual cost of production and implies that significant cost savings (about 45.65%) may be achieved by improving both technical and allocative efficiency. Only a very small portion of farms in the sample achieved a score greater than 80%. Given the estimates of technical and allocative inefficiency, productive inefficiency is mostly due allocative inefficiency. Productive efficiency increased over time from 37.85% in 1983 to 42.83% in 1993. Nevertheless, its annual rate of increase (0.55%) is greater than that of allocative efficiency as technical inefficiency tended to increase at a higher rate.
The decomposition analysis results for UK livestock farms' output growth during the period 1983-1992 are given in Table 5 . An average annual rate of 1.93% is observed for output growth. This growth stems mainly from the corresponding increase in sheep meat (1.72%) and wool (0.46%), whereas cattle output exhibits a decrease during the same period of -0.26%.
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Our empirical findings suggest that most of output growth (59.5%) in livestock production is due to input increase. A smaller portion is attributed to productivity growth, which grew with an average annual rate of 0.96%. Thus, substantial output increases may still be achieved ceteris paribus by improving TFP, and this has important policy implications as far as the sources of productivity growth are identified.
Since the hypothesis of zero technical change is rejected at the 5% level of significance (see Table 3 ), the effect of technical change should be taken into account in (4). Parameter estimates indicate technological progress, which on the average was 0.20%. However, in contrast to most previous studies, technical change has not been the main source of TFP growth, accounting for only 20.70% of TFP growth and 10.40% of output growth (see Table 5 ). Moreover, the hypothesis of Hicks neutral technical change is rejected at the 5% level of significance (see Table 3 ). The nonneutral component dominates the neutral component although the latter exhibits complex and erratic patterns of technical change consisting of bursts of rapid changes and periods of stagnation. Specifically, the non-neutral component is on the average 0.18% ranging between a maximum of 0.41% in 1988 and a minimum of 0.02% in 1984, whereas the neutral component while is on the average only 0.02% it ranges from a maximum of 3.25% in 1989 and a minimum of -4.06% in 1987.
On the other hand, the hypothesis of constant returns to scale is also rejected at the 5% level of significance (see Table 3 ). Thus, the scale effect has contributed to TFP changes and output growth. In particular, the scale effect is positive as livestock farms in UK exhibited increasing returns to scale and the aggregate output index increased over time. On average, the degree of scale economies is estimated at 1.29 during the period 1983-92. As a result, economies of scale enhanced annual output growth by an average annual rate of 0.15% (see Table 5 ). In relative terms, the scale effect is the third larger factor influencing TFP and output growth, after technical efficiency and technological progress. This rather significant figure would have been omitted if constant returns to scale were falsely assumed.
Technical and allocative inefficiencies have affected TFP and output growth in the same manner. The relative contribution of each depends on their rate of change over time, rather than their absolute magnitude. As shown in Table 5 , the relative contribution of the allocative efficiency effect on output growth is less than that of technical efficiency, since the average rate of increase of the former was found to be lower than that of the latter. Moreover, changes in technical efficiency are found to be the main source of TFP and output change. Overall, productive efficiency accounts for 83.3% of annual TFP growth and for 41.5% of average annual output growth among livestock farms in UK.
The price adjustment effect was found to have a relatively significant impact on TFP and output growth. On average, the price adjustment effect accounted for 19.6%
of output slowdown. However, given the existence of allocative inefficiency, its
impact cannot be neglected in attempting to measure the TFP growth rate accurately.
After accounting for all theoretically proposed sources of TFP growth and for the size effect, a -9.1% of observed output growth remained unexplained. Nevertheless, the unexplained portion of output growth is smaller than the unexplained residual that would have been obtained by using a production approach (e.g., Ahmad and BravoUreta), which does not separate the scale and the allocative inefficiency effects.
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Concluding Remarks
The development of the distance function approach finally provides a more realistic framework for parametric decomposition of output growth appropriate to the multiinput, multi-output context of the farm business. Separate identification of the effects for cattle, sheep and wool on British livestock farms will have substantial implications for the development of agricultural policy, since improvements in technical and allocative efficiency appear, on the evidence presented by this study, to provide greater potential for the improvement of farm returns than that which may be obtained from shifting the production frontier itself. This is especially important where technical changes are implicated in a decline in the environmental quality of the agroecosystem, since a large (and growing) number of farms in the sample analysed could improve both technical and allocative efficiency. 
